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Rapid ecosystem changes in relation to changing
environmental conditions have been reported in a
wide variety of ecosystems (e.g. Hoegh-Guldberg et
al. 2007, Fossheim et al. 2015, Sahade et al. 2015,
Thomson et al. 2015). Changes in environmental con-
ditions may affect species directly by challenging
their physiological tolerance levels or indirectly by
disrupting vital interspecies interactions (Tylianakis
et al. 2008). Species may respond with changes in
abundance or shifts in distribution (Florko et al. 2018).
The Gulf of St. Lawrence (GSL), in eastern Canada,
has seen major and potentially far-reaching ecosystem
changes over the past decades due to climate change
and anthropogenic pressures. In the early 1990s,
overfishing culminated in the collapse of Atlantic cod
Gadus morhua and other large demersal fish stocks,
marking a fishery-induced regime shift in the ecosys-
tem (Savenkoff et al. 2007, Bui et al. 2010). Simultane-
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ABSTRACT: Significant ecosystem changes in the Gulf of St. Lawrence (GSL), Canada, have had
far-reaching effects at all trophic levels. The abundance of fin whales Balaenoptera physalus has
declined significantly in the northern GSL over the past decade. This study aimed to test the
hypothesis that the observed decline was correlated to changing environmental conditions.
Cetacean sightings data from 292 surveys, resulting in 2986 fin whale encounters from 2007 to
2013, were used to fit 2 separate generalised additive models in terms of (1) bathymetric and
oceanographic variables (the proxy model) and (2) modelled krill biomass (the prey model). The
concept of ‘handling time’ was introduced to correct for time off search effort, applicable to other
studies relying on opportunistically sampled data. While a positive correlation between krill bio-
mass and fin whale numbers was found, the performance of the proxy model (24.2% deviance
explained) was overall better than the prey model (11.8%). Annual predictive maps derived from
the final proxy model highlighted 2 key areas with recurrently high relative fin whale abundance
and a significant overlap with shipping lanes. While both models provided evidence for an annual
decline in relative fin whale abundance, static bathymetric features were the most important pre-
dictors of habitat use, and no correlation between dynamic variables and the decline was found.
High resolution prey data and a better understanding of the feeding ecology of fin whales are pro-
posed to further investigate the predator−prey relationship and decline of fin whales in the GSL.
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 Distribution · Predictive maps · Opportunistic surveys
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ously, unprecedented warming of incoming North At-
lantic water, changes in sea surface temperature
(SST), salinity and sea ice extent altered the habitat
significantly (Thibodeau et al. 2010, Plourde et al.
2014). Higher mortality rates in response to these eco-
system changes were reported even in higher preda-
tors, such as harp seals Pagophilus groen land icus and
belugas Delphinapterus leucas, highlighting the cas-
cading effects of the changing environmental condi-
tions (Johnston et al. 2012, Plourde et al. 2014).
In this context, this study aimed to study the spatio-
temporal patterns in fin whale Balaenoptera phy sa -
lus distribution and abundance in the northern GSL.
Schleimer et al. (2019) found a significant decline in
the number of fin whales using this feeding area and
evidence of declining survival rates over the past
decade. However, a shift in distribution (i.e. perma-
nent emigration) in response to ecosystem changes in
the GSL was also proposed as a possible explanation
for the decline in numbers. Fin whales in the GSL
have been found to shift arrival dates to the feeding
ground in the GSL at a rate of 1 d earlier yr−1 over 3
decades, linked to earlier winter sea ice break up and
higher SST (Ramp et al. 2015). Fin whale distribution
has been correlated with the occurrence of thermal
fronts in the GSL (Doniol-Valcroze et al. 2007); how-
ever, the physical and biological processes that drive
intra- and inter-annual variation in distribution of fin
whales in the GSL remain poorly understood.
Here, we hypothesised that the observed changes
in abundance could be attributed to changes in envi-
ronmental conditions. To test this hypothesis, spatio-
temporal patterns in fin whale distribution were ex-
plored within a species distribution model (SDM)
framework (Redfern et al. 2006, Forney et al. 2012,
Hazen et al. 2017). SDMs aim to identify the underly-
ing factors that drive spatio-temporal trends in spe-
cies’ distribution, offering insight into both the causes
of past responses and predictions of future re sponses
to a changing environment (Hazen et al. 2013, Vík-
ingsson et al. 2015). If changes in the environmental
conditions in the GSL, as reflected by changes in sea
temperature, primary productivity or prey biomass,
were at the basis of the observed de cline in abun-
dance of fin whales, we expected to detect such a re-
lationship in the SDMs with the retention of dynamic
variables in the final model. Extensive survey and
 effort data collected in the northern GSL over 7
 summers provided the basis of this study. SDMs
 frequently use proxy variables that are assumed to
be indicative of high productivity and prey distri -
bution (Torres et al. 2008). Here, 2 separate SDMs
were built. The first SDM modelled fin whale relative
abundance as a function of commonly used proxy
variables for high productivity (including bathymetric
and remotely sensed oceanographic variables), while
the second SDM used modelled krill biomass as an
explanatory variable in place of the proxy variables
used to derive it (Plourde et al. 2016). Specifically, we
wanted to test whether the modelled prey variable
would provide better predictive power than a model
based on proxy variables to define fin whale habitat.
Euphausiids constitute an important component of fin
whale diet in the GSL (Gavrilchuk et al. 2014), and a
strong link between fin whale distribution and eu-
phausiid biomass is expected. We wanted to test
whether euphausiid biomass derived from a model
could serve as an informative alternative to high reso-
lution prey data despite the inherent uncertainty as-
sociated with habitat model predictions.
Ideally, cetacean habitat models are built using data
derived from systematic surveys specifically designed
to estimate cetacean density and abundance. How-
ever, given cost and scheduling limitations imposed
by such dedicated surveys, there is a growing interest
in developing methods to account for the biases asso-
ciated with non-systematic or opportunistic surveys
(e.g. Williams et al. 2006, Phillips et al. 2009, Isojunno
et al. 2012). The fin whale data used in the present
study were collected as part of a photo-identification
study; as such, the survey design differed from con-
ventional systematic cetacean surveys in 3 ways: (1)
surveys were not designed to ensure equal coverage
probability, (2) distance-sampling was not imple-
mented and (3) search effort was interrupted by the
collection of sighting-specific data (e.g. photo-identi-
fication and biopsy data). The nature of the data pro-
hibited a design-based approach, necessitating a
model-based approach using generalised additive
models (GAMs), which does not require random
placement of survey lines in the study area. Addition-
ally, the concept of ‘handling time’ was applied to dif-
ferentiate between time spent collecting sighting-
specific data and search effort. The proposed methods
are applicable to other studies that rely on opportunis-
tically collected data, such as cetacean data collected
during whale watching activities.
2.  MATERIALS AND METHODS
2.1.  Cetacean survey data
The study area was located in the Jacques Cartier
Passage (JCP), between Anticosti Island and the
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approximately 8000 km2 (Fig. 1). The
region covers diverse topographic fea-
tures, such as the head of the Anti-
costi Channel, the steep slopes along
Anticosti Island, and the shallower
plateaus of the North Shore and Banc
Parent. Upwelling of cold, nutrient-
rich waters from the cold intermedi-
ate layer place the region among the
most productive in the GSL, allowing
the ecosystem to sustain a high biodi-
versity (Bourque et al. 1995, Doniol-
Valcroze et al. 2007). During summer
months, minke whales Balaenoptera
acuto ro strata, humpback whales
Mega ptera novae angliae, fin whales
and harbour porpoises Phoco ena pho-
coena co-occur in the study area, with
occasional sightings of blue whales
B. musculus and, more recently, North
Atlantic right whales Eubalaena
glacialis.
Cetacean survey data were collected by re searchers
from Mingan Island Cetacean Study from June to
 October from 2007 to 2013. The data used for the pur-
pose of this study consisted of the non-random survey
tracks and the position, timing, and group size of each
fin whale sighting. Surveys were conducted using
rigid-hulled inflatable boats and focussed on the col-
lection of photo-identification data of large ror quals.
The survey design is therefore best de scribed in terms
of ‘whaler-behaviour’, meaning that captains targeted
areas where they expected to find animals to max-
imise photo-identification effort. The surveys covered
as large an area as possible until groups of whales
were found. Boat speed varied be tween 15 and 20
knots, with occasional stops to scan the horizon with
binoculars for blows. For safety reasons, 2 boats con-
ducted surveys simultaneously, but they generally
covered different areas. Surveys were terminated
when weather conditions deteriorated to Beaufort
scale >3 or visibility <1 nautical mile.
Once an individual or group of whales was de -
tected, the time of the sighting was noted and the
animals were approached slowly for collection of
photo-identification and sometimes biopsy data. The
exact position was recorded at the ‘fluke print’ where
the animal dived after its surfacing sequence. The
group size of animals was recorded and individuals
were attributed field-ID numbers to keep track of
individuals on subsequent sightings. Field-ID num-
bers and photo-identification data were used to
determine whether individuals had been sighted
previously. If individuals were not identifiable, the
group was considered to be a new sighting.
2.2.  Data processing
2.2.1.  Effort quantification
The survey track was recorded using a LOWRANCE
LMS-480M GPS unit (precision ≤30 m) on each survey
boat. The resulting survey tracks were used to calcu-
late survey effort. Due to variable boat speeds and ad
libitum survey tracks, the length of the survey track
was not considered an appropriate measure of effort.
Instead, effort was defined as the time (in s) spent
searching for animals within a grid cell (see below).
Timestamps were retrieved from the GPS tracks to
estimate the effort spent in each grid cell (see Fig. S1
in Supplement 1; for Supple ments 1–5 see www. int-
res. com/ articles/ suppl/ m623p221 _ supp. pdf).
A grid-based modelling framework was adopted in
accordance with previous studies dealing with non-
systematic survey designs (Cañadas et al. 2005, Iso-
junno et al. 2012). The study area was divided into
5 × 5 km grid cells in which the number of fin whale
individuals, effort and environmental covariates
could be summarised. The size of the grid cells was
chosen based primarily on the resolution of available
remotely sensed and modelled covariates (Table 1).
While time identified as ‘off-effort’ was excluded
from the calculations, the strong focus on photo-
223
Fig. 1. Schematic representation of the Gulf of St. Lawrence, with detailed 
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 identification and biopsy sampling made further
modification of the effort data necessary. When the
re searchers were concentrating on obtaining photo-
identification data and taking biopsy samples, all ef -
fort was focussed on a single individual or group,
rather than searching for new groups. Because the
surveys covered all cetacean species encountered,
such interruptions of search effort were not limited to
fin whale encounters. Because of a similar bias, Iso-
junno et al. (2012) did not consider duration of grid
cell visits to be an adequate measure of effort. Here,
we corrected the total time spent in each grid cell by
removing effort associated with the collection of
sighting-specific data. From the survey data it was
possible to identify sequential re-sightings of the
same group during which such data were taken. The
time from the first re-sighting to the last re-sighting
of a group was characterised as handling time and
considered off-effort. A similar approach has been
used to calculate search effort of whalers, where the
chasing and processing of caught whales was consid-
ered handling time and was excluded from the gen-
eral search effort (Sigurjónsson 1988, Sigurjónsson &
Gunnlaugsson 2006). This approach more accurately
reflected time spent searching for fin whales and
allowed us to use time as an offset in our models.
2.2.2.  Environmental data
Environmental data were chosen based on (1) their
importance in previous cetacean species distribution
models and (2) their availability at a sufficiently fine
spatial resolution with respect to the 25 km2 grid reso-
lution of the sightings and effort data (Table 1). The
data set was subdivided into months to allow seasonal
and inter-annual variation in time-variable covariates
(SST, chlorophyll a [chl a], krill biomass) to be incor-
porated. Month was chosen as an appropriate time
period to minimise gaps in remotely sensed data,
which tend to have significantly fewer missing data
due to cloud cover when summarised per month com-
pared to daily or weekly resolutions. Fin whale sight-
ing and survey effort data were pooled for each month
of the field season, resulting in a maximum of 35
(5 mo × 7 yr) temporal sub-units per grid cell. Greene
224
Variable                     Description                                                                                                                                     Resolution
Static variables
Deptha                                   Water depth (in m) at grid cell centre                                                                                          1 arc-min
Slopea                                    Slope of seafloor (degrees) calculated in QGIS from bathymetry                                              1 arc-min
Aspecta                                 Slope orientation (0−360°) calculated in QGIS from bathymetry                                               1 arc-min
DistCoasta                          Distance to nearest coastline (in m)                                                                                              1 arc-min
Dynamic proxy variables
SSTb                           Monthly average sea surface temperature (°C)                                                                              4 km
Spring SSTb              Seasonal composite of average spring (21 March−21 June) sea surface temperature (°C)         4 km
Chl ac                                     Log(x + 1) transformed monthly average chl a concentration (mg m−3)                                        4 km
Spring chl ac                    Log(x + 1) transformedseasonal composite of average spring (21 March−21 June)                    4 km
                                  chl a concentration (mg m−3)
NAOId                                   Monthly Hurrell North Atlantic Oscillation index (NAOI)                                                                 
WinterNAOId                  Winter NAOI for the winter (December to March) preceding sampling season                              
WinterNAOIlag1d       Winter NAOI with 1 yr lag                                                                                                                    
WinterNAOIlag2d       Winter NAOI with 2 yr lag                                                                                                                    
Year                           Survey year (2007−2013)                                                                                                                       
Month                        Survey month (June−October)
Dynamic prey variable
Krill biomasse            Log(x + 1) transformed modelled monthly krill biomass (g m−2)                                                    5 km
aETOPO1 1 Arc-Minute Global Relief Model
bAqua-MODIS Level-3 sea surface temperature (4µ nighttime)
(https://oceancolor.gsfc.nasa.gov/data/10.5067/AQUA/MODIS/L3B/SST/2014/)
cAqua-MODIS Level-3 chlorophyll concentration (OCx algorithm)
(https://oceancolor.gsfc.nasa.gov/data/10.5067/AQUA/MODIS/L3M/CHL/2018/)
dNational Center for Atmospheric Research Staff (eds) The Climate Data Guide: Hurrell North Atlantic Oscillation (NAO)
Index (PC-based). Retrieved from https://climatedataguide.ucar.edu/climate-data/hurrell-north-atlantic-oscillation-nao-
index-pc-based (accessed 25 May 2017)
ePlourde et al. (2016)
Table 1. Candidate explanatory variables for models to predict fin whale relative abundance in the Jacques Cartier Passage, 







Schleimer et al.: Fin whale habitat use
& Pershing (2000) proposed a conceptual model link-
ing the North Atlantic Oscillation (NAO), physical en-
vironmental conditions and zooplankton in the north-
west Atlantic. This distant potential link was explored
in our analyses by including NAO in dices (NAOIs) as
explanatory variables. Hurrell’s PC-based NAOI was
used in this study for month ly and winter NAOIs
(Hurrell et al. 2003). Previous studies have shown that
abundance of balaenopterids typically lags behind
maximum primary productivity by several weeks
(Croll et al. 2005, Visser et al. 2011, Ramp et al. 2015).
The possible ef fect of a temporal lag in the response of
fin whale distribution to proxy variables was assessed
by including composite spring SST and chl a concen-
trations and lagged winter NAOIs.
In the absence of high resolution euphausiid data
covering the entire study area/period, krill biomass
was derived from a krill habitat model as described
in Plourde et al. (2016). Briefly, Plourde et al. (2016)
modelled krill biomass spatial and temporal distribu-
tion in eastern Canadian waters as a function of static
(bathymetry and slope) and dynamic (SST, chl a, sea
level height anomaly) environmental variables in a
GAM framework. High resolution quantification of
euphausiid biomass was available from multifre-
quency acoustic data collected from surveys in the
GSL (including the JCP) and adjacent waters since
2000 (McQuinn et al. 2015). The final euphausiid bio-
mass model explained 24.5% of deviance and was
used to obtain monthly predictions of krill biomass at
5 × 5 km resolution in the JCP for the present study.
Due to the spatial overlap of both studies, no extra -
polations beyond the range of explanatory variables
were necessary.
2.3.  Data analysis
The relationship between the number of fin whale
individuals in each grid cell (response variable) and
the explanatory variables was modelled using GAMs
(Hastie & Tibshirani 1990, Wood 2017), which are
commonly used to study spatial and temporal drivers
in cetacean distribution because of their flexibility
(Redfern et al. 2006, 2017, Isojunno et al. 2012,
Becker et al. 2016). Only grid cells with search effort
were used to build the models. GAMs were fitted in
the R v. 3.2.3 (R Core Team 2015) package ‘mgcv’
v.1.8-25 (Wood 2017).
Two separate models were built to model temporal
and spatial patterns in fin whale distribution. The first
model (the proxy model) included all static and dy-
namic environmental proxy variables (all variables
listed in Table 1, except for krill biomass), including
month and year. The second model (the prey model)
included only modelled krill biomass, month and
year, thus excluding the remaining proxy variables
(most of which were used in the model to predict krill
biomass). In both models, the number of individual fin
whales per grid cell was modelled as a negative bino-
mial distribution with a logarithmic link function. The
response variable was characterised by a high fre-
quency of zeros (3207 grid cells without sightings
compared to 312 grid cells with sightings) and the
negative binomial error distribution provided the best
fit to the data (Supplement 2). The negative binomial
distribution has been used in previous studies with
similar types of data (i.e. count data with many zeros
and overdispersion; Warton 2005, Virgili et al. 2017).
The natural logarithm of monthly search effort was in-
cluded as an offset term in the model to account for
variable search effort across the study area. Only the
first encounter of a fin whale individual/ group was
counted towards the monthly sum of fin whales in
each grid cell to avoid the inclusion of duplicate sight-
ings. Sightings data collected on the same day from
different survey boats were treated independently
because the spatial coverage differed between boats.
Prior to model fitting, explanatory variables were
inspected for collinearity using the pairs function from
the ‘AED’ package in R, which generates a correlation
matrix for pair-wise comparison between variables
(Zuur et al. 2009). Two variables were deemed col -
line ar if the estimated Pearson correlation coefficient
exceeded 0.6. No collinearity was de tected among co-
variates (Fig. S3 in Supplement 3). Chl a and krill bio-
mass values were log(x + 1) transformed to reduce
skewness in the data. Field observations suggested
that fin whales feed in shallower waters on the North
Shore in June and July; interaction terms of month with
depth and with aspect were thus considered to explore
whether the data supported these relationships.
Restricted maximum likelihood (REML) was used
for smoothing parameter estimation (Marra & Wood
2011). The gamma term, which acts as an additional
penalty, was set to 1.4 to reduce over-fitting in cases
with relatively few observations per variable (Kim &
Gu 2004, Wood 2006). Full models with and without
interaction terms were fitted with penalised cubic
regression splines and tensor products (ti) for inter -
action terms. A cyclic regression spline was fitted to
aspect (0 to 360°) to match start and end points.
Shrinkage spline smooths were used for covariate
selection. The shrinkage approach penalises the null
space of the smooth function, reducing the degrees of
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multiple terms to be dropped from the full model in a
single step (Marra & Wood 2011).
Models with and without interaction terms were
compared using Akaike’s information criterion (AIC;
Akaike 1973, Wood et al. 2016), percentage of de -
viance explained and average squared prediction
error (ASPE). To calculate the latter, a 5-fold cross-
validation was applied to assess the performance of
candidate models in predicting novel data. Data
were randomly split into 5 subsets. Models were fit-
ted to 80% of the data for model training, and the
remaining 20% of the data were subsequently used
for validation of predictions based on the trained
model. ASPE was calculated as the mean squared
difference between predicted and observed fin
whale numbers in the validation subset. This cross-
validation was run 5 times in total, and the mean
ASPE was retained for model selection.
The final chosen model was refitted with the com-
plete data set. If terms with approximate p-values
>0.05 remained in the model after shrinkage, the co-
variate with the least significant p-value was dropped
from the model. If the exclusion of the variable did not
increase the AIC score, the reduced model was re-
tained. The relative covariate importance was esti-
mated with the R function ‘varImpBiomod’ (Thuiller et
al. 2009). Model residual plots were examined
visually to verify that assumptions of normality and
variance homogeneity were met (Figs. S4 & S5 in Sup-
plement 3). Spatial autocorrelation of model residuals
was assessed using a variogram (Zuur et al. 2009).
2.4.  Prediction
The final proxy and prey models were used to
compute predictions of relative abundance (indi -
viduals h−1) in each grid cell. Predictive maps were
ge ne rated for each year, fixing
the offset term to 1 h of ef fort in
each grid cell per month, in the
open source GIS software pack-
age Quantum GIS (QGIS v.2.18.1;
QGIS Development Team 2016).
Because the model yielded sepa-
rate predictions for each month,
mean relative abundance per
year was plotted. To assess pre-
diction un certainty, coefficients
of variation (CV) were calculated
based on posterior simulation.
From the posterior distributions
of the model coefficients, 1000
co ef fi ci ent vectors were simulated using ‘mvrnorm’
from the R ‘MASS’ library (Venables & Ripley 2002)
and were used to generate 1000 predictions. The
mean and CV were calculated from these 1000 pre-
dictions. The performance of the proxy and prey
models were evaluated by comparing the percent-
age deviance explained and the predictive maps
derived from the final models.
3.  RESULTS
Sightings and effort data from 292 dedicated ceta -
cean surveys were available to investigate temporal
and spatial patterns in fin whale habitat use in the
JCP. In total, 1878 h were spent on effort, of which
510 h were characterised as handling time during
which the researchers were collecting photo-ID or
biopsy data, leaving 1368 h of corrected effort
(Table 2, Fig. 2). Overall, 2986 individual fin whales
were recorded on effort, with an average group size
of 2.19 animals (SE = 0.05). Average annual en -
counter rates and median group sizes decreased over
the study period (Table 2).
3.1.  Proxy fin whale distribution models
Out of the 5 models fitted with proxy variables, the
model which included an interaction term of aspect
and month performed best in terms of AIC, percent-
age deviance explained and ASPE (Table 3). Dis-
tance to coast, chl a, spring chl a, spring SST, NAOI
and lagged winter NAOI were shrunk to 0 df by the
shrinkage regression splines and simultaneously
dropped from the model (Model 1.3; Table 3). Winter
NAOI was subsequently dropped from the model,
be cause it was the only term with an approximate
226
Year   Uncorrected  Handling  Corrected Fin whale  Sightings per     Median 
                effort             time          effort       sightings  corrected hour   group size
2007         206.1              37.3          168.8            527               3.12               2 (9)
2008         280.2              81.5          198.7            674               3.39               2 (14)
2009         325.6            112.1          213.5            488               2.29               2 (8)
2010         252.6              70.5          182.1            508               2.79               2 (10)
2011         170.1              59.1          111.0            177               1.60               1 (6)
2012         297.7              89.1          208.6            296               1.42               1 (8)
2013         346.1              60.4          285.7            316               1.11               1 (14)
Total       1878.4            510.0        1368.4          2986
Table 2. Summary of annual survey effort (in hours) and the number of fin whale
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p-value > 0.05 and very low effective
degrees of freedom (edf = 0.19). The
resulting final proxy model explained
24.2% of de viance.
Among the covariates retained in the
final model, water depth and aspect
were of the highest importance, with fin
whales occurring in greater numbers in
deeper waters, over steep and northward
facing slopes (Fig. 3). Higher numbers
were also recorded at SST greater than
12°C. Temporal trends suggested a peak
in fin whales at the onset of the survey
season in June, followed by a decline
until September, and a second peak at
the end of the season in October. The
affinity to northward facing slopes
changed by month, showing that occur-
rence at southward facing slopes was
less likely in August and September
compared to June, July and October. The
negative yearly trend that was already
reported for the annual fin whale
encounter rates was also reflected in the
final model.
3.2.  Prey fin whale distribution models
The prey model that included an inter-
action term between krill biomass and
month had the lowest ASPE and AIC
score and highest percentage of de -
Variables                                                                              Θ             REML              AIC              %Dev               r2             ASPE
1. Proxy model                                                                                                                                                                               
1.1 Penalised model                                                        0.17            1068.7            2963.4              20.6              0.38           29.59
1.2 Penalised model + ti(depth,month)                          0.18            1067.5            2953.4              23.1              0.36           28.83
1.3 Penalised model + ti(depth,year)                             0.17            1068.5            2963.1              21.1              0.39           27.72
1.4 Penalised model + ti(aspect,month)                         0.18            1065.0            2944.4              23.7              0.43           25.72
1.5 Penalised model + ti(aspect:year)                            0.17            1068.4            2961.9              21.5              0.37           28.50
2. Prey Model                                                                                                                                                                                
2.1 s(krill) + s(month) + s(year)                                      0.12            1143.6            3185.2              7.6              0.21           34.29
2.2 s(krill) + s(month) + s(year) + ti(krill,month)          0.13            1138.3            3161.8              11.8              0.23           33.07
2.3 s(krill) + s(month) + s(year) + ti(krill,year)              0.12            1143.2            3184.0              8.1              0.21           34.03
Table 3. Model selection of proxy and prey fin whale models with and without interaction terms. Full penalised model includes
all variables described in Table 1, except for krill biomass: s(Depth) + s(Slope) + s(Aspect) + s(DistCoast) + s(SST) +
s(SpringSST) + s(Chla) + s(SpringChla) + s(NAOI) + s(WinterNAOI) + s(WinterNAOIlag1) + s(WinterNAOIlag2) + s(year) +
s(month) with automated variable selection using shrinkage smoothers. Model selection was based on Akaike’s Information
Criterion (AIC), percentage of deviance explained (%Dev), and mean average squared prediction error (ASPE) from a 5-fold
cross-validation. Θ: theta parameter from negative binomial nb() error distribution; REML: restricted maximum likelihood. 
Selected models are shown in bold
Fig. 2. Distribution of total survey effort in the Jacques Cartier Passage in
minutes per 25 km2 grid cell over the 7 survey years (June to October 2007 to
2013), followed by the amount of handling time and the derived corrected 
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viance explained (11.8%) among all 3 built models
(Table 3). Krill biomass had the highest importance
among the model covariates, followed by month and
year. The intra- (month) and inter-seasonal (year)
patterns followed the same trends as described for
the proxy model (Fig. 4). Fin whale numbers in -
creased with higher modelled krill biomass, although
the interaction term indicated that fin
whales also occurred in areas with
lower krill biomass at the onset of the
season (June and July).
3.3.  Prediction
Annual predictive maps of average
fin whale oc currence generated from
the final proxy and prey fin whale
models are shown in Figs. 5 & 6 (CV is
shown in Figs. S6 & S7 in Supple-
ment 4). From the proxy model, 2
main areas with consistently high
predicted relative abundance of fin
whales were identified: the western
end of the Anticosti Channel and the
area north of Banc Parent (see Fig. 1
for locations). The area off Banc Par-
ent coincides with the southern
branching traffic shipping lanes. The
predictive maps indicated a potential
third high density area on the north-
ern edge of the Laurentian Channel.
However, this area of very high pre-
dicted relative abundance lies at the
very southwestern edge of our survey
area and could represent an ‘edge
effect’ be cause the area is the deepest
in the surveyed area with little effort
extending that far. A clear annual
decline in fin whale numbers was evi-
dent from the predictive maps.
Predictions from the prey model
favoured a more even spatial distri-
bution of fin whales across the JCP.
The head of the Anticosti Channel to
the east and the southwestern area of
the study area seemed to have the
highest predicted numbers overall,
but the strong signal of the annual
negative trend masked areas with
consistently high numbers.
4.  DISCUSSION
SDMs were fitted to understand the extent to
which the observed decline in fin whale numbers
was a result of changing environmental conditions in
the northern GSL. The proxy and prey models both
identified a negative annual trend in the number of
228
Fig. 3. Smooth functions fitted in the final proxy-fin whale model. Positive val-
ues of the smoothed function indicate a positive effect on the response vari-
able. Tick marks on the x-axes show the distribution of observations, while the
smoother terms with estimated degrees of freedom (edf) are shown on the y-
axes. Shaded areas: 95% confidence intervals. Last plot: 2-D interaction be-
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fin whale individuals, but the proxy model had a bet-
ter predictive performance overall than the prey
model. Here, we discuss the link between the ob -
served decline in fin whales and the spatio-temporal
patterns that were revealed by the SDMs.
Over the study period, the majority of sightings
clustered around the head of the Anticosti Channel
and north of Banc Parent, with some inter-annual
variability. This distribution was best reflected in the
predictive maps of the proxy model, while the prey
model largely failed to highlight those high density
areas. The static bathymetric features in the areas
with consistently high predicted fin whale numbers,
characterised by deep water and steep, northward
facing slopes, were the most important predictors in
the proxy model. Among all the dynamic covariates
(chl a, SST, NAOI), which could explain the inter-
annual variability in sightings, only SST was retained
in the final proxy model. Fin whale numbers in -
creased in waters with higher SST, suggesting that
cooling of SST could have led to the observed annual
decline. However, a trend analysis showed that the
SST is increasing in the GSL, with the northeastern
Gulf warming at a faster pace than the southern part
of the Gulf (Galbraith et al. 2012, Larouche & Gal-
braith 2016). In our study area, the lowest and highest
average SST in the study area were re corded in 2007
and 2008, respectively, which were also the years
with the highest encounter rates
(Fig. S8 in Supplement 5). Since 2012,
near-record temperatures of both sur-
face and deep layers of the GSL were
found to correlate with variations in
plankton phenology and fish abun-
dance (Plourde et al. 2015, Brosset et
al. 2019). While results presented here
suggest that a direct correlation be -
tween de creasing fin whale abun-
dance and SST is unlikely, it remains
unclear to what extent cascading ef-
fects of a warming Gulf could have im-
pacted fin whale abundance and/or
distribution indirectly.
The final proxy model explained
24.2% of the variability in the data, in-
dicating that important explanatory
variables were missing from the model.
On a feeding ground, a strong preda-
tor− prey relationship is ex pected in
baleen whales (Piatt et al. 1989, Ressler
et al. 2015). No real-time, high resolu-
tion euphausiid data were collected
during the cetacean surveys, so we
used modelled krill biomass to test how well it ex-
plained fin whale relative abundance compared to a
model using proxy covariates. While the prey model
found a positive relationship between modelled krill
biomass and fin whale numbers, the model performed
poorly overall compared to the proxy model in terms
of percentage of deviance ex plained and predictive
power. The model led krill biomass variable was thus
not a suitable alternative to the proxy variables in this
study. The uncertainty associated with the krill bio-
mass covariate (predicted from a model that explained
24.5% of deviance; Plourde et al. 2016), could have
decreased its power as a predictor on a fine spatial
scale. This does not preclude a better predictive per-
formance at larger spatial scales. Previous models
found differing relationships be tween fin whale and
euphausiid abundance, possibly due to differences in
spatial scales (Zerbini et al. 2016). Laidre et al. (2010)
highlighted the importance of high spatio-temporal
synchrony in the collection of prey and cetacean data
to quantify their relationship. We therefore recom-
mend that the performance of modelled krill biomass
as a predictor of baleen whale distribution be ex -
plored at broader spatial scales in the GSL.
Another factor that could have contributed to the
lower performance of the prey model is the generalist
diet of fin whales. While euphausiids are an integral
part of their diet, fin whales are also known to switch
229
Fig. 4. Smooth functions fitted in the final prey-fin whale model. Positive val-
ues of the smoothed function indicate a positive effect on the response vari-
able. Tick marks on the x-axes show the distribution of observations, while
the smoother terms with estimated degrees of freedom (edf) are shown on the
y-axes. Shaded areas: 95% confidence intervals. First plot: 2-D interaction 
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prey depending on availability (Gavrilchuk et al.
2014, Ressler et al. 2015). The inclusion of interaction
terms in both models indicated that habitat use
changed as the season progressed. The higher num-
ber of fin whales found on southward facing slopes
and at lower krill biomass at the beginning of the
season (June−July) coincided with the rolling of
capelin Mallotus villosus along the North Shore
(MPO 2003). To fully quantify the complex predator−
prey relationship in fin whales, we need to gain a
better understanding of their feeding ecology, espe-
cially threshold values at which prey switching
occurs, and obtain higher (spatial and temporal) res-
olution data from all potential prey species. In the
absence of such data, it cannot be excluded that
inter-annual variability in prey availability was, at
least partly, the cause of the observed annual decline
in fin whale numbers in the northern GSL.
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Fig. 5. Predictive maps of relative annual fin whale abundance (individuals h−1 effort) from the proxy-fin whale model. Each
map shows the average annual relative abundance of fin whales in each grid cell; dots: reported sightings of fin whale groups 
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In addition to environmental variability, anthropo -
genic pressures could affect habitat use and relative
abundance. The high density area identified north of
Banc Parent coincided with the southern branch of
the shipping lanes. In fact, more than one-fifth
(22.6%) of all fin whale sightings in this study oc-
curred inside the shipping corridor, posing a consid-
erable risk of ship collisions and noise pollution. Fin
whales are the most commonly reported species in
the current global vessel strike data set maintained
by the Scientific Committee of the International
Whal ing Commission (Van Waerebeek & Leaper
2008, van der Hoop et al. 2013). Based on marine
mammal stranding records in the GSL from 1994 to
2008, ship collision was the most common anthro-
pogenic trauma for fin whales (22%; Truchon et al.
2018). Shipping traffic is projected to increase in the
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zolato et al. 2016). The predicted areas of high fin
whale density described here should be included in
future risk assessments to mitigate the potential im-
pact of shipping on fin whales (Redfern et al. 2013).
Recommended measures could include vessel speed
limits and area avoidance recommendations, which
were shown to significantly reduce ship strikes with
North Atlantic right whales (Laist et al. 2014).
While the modelling conducted could not provide a
clear indication of the cause of the annual fin whale
decline, it did offer valuable insights into spatio-
temporal patterns of fin whale habitat use in the
northern GSL. Importantly, the predictions derived
from the proxy model highlighted 2 key areas with
recurrently occurring high fin whale abundance. The
bathy metric features which characterise those areas
were in line with previous findings, which have also
found water depth and slope to be important predic-
tors of fin whale occurrence in the Mediterranean
Sea (Panigada et al. 2005, Azzellino et al. 2012, Pen-
nino et al. 2017), in the northeastern Atlantic (Vík-
ingsson et al. 2015) and the Bay of Fundy (Woodley &
Gaskin 1996, Ingram et al. 2007). Krill and capelin
aggregate along shelf breaks and steep slopes as a
result of tidal currents and upwelling in the GSL and
St. Lawrence Estuary (Simard et al. 2002, Cotté &
Simard 2005). The 2 high fin whale density areas
coincide with the 2 areas of above average krill bio-
mass accumulation identified in the JCP by large-
scale hydroacoustic surveys (McQuinn et al. 2015). A
potential third high density area was predicted along
the northern slopes of the Laurentian Channel,
which received little survey effort during this study.
This predicted high density area could be an edge
effect (i.e. an artefact); future surveys of this area are
needed to identify whether or not this area is impor-
tant habitat for fin whales.
This study has shown how data collected on surveys
primarily designed for other purposes can be adapted
for habitat modelling analysis. However, in the ab-
sence of distance-sampling and a design en suring
equal coverage probability, it was not possible to esti-
mate absolute density or abundance throughout the
study area using design-based methods. While the
model-based approach used here ac counted for un-
even distribution of effort through the inclusion of an
offset term, we were able to de scribe only variability
in relative abundance and distribution. The focus on
sampling individuals rather than space further com-
promised search effort data. Such a disruption of
search effort could lead to bias in the effort quantifica-
tion and the inclusion of duplicate sightings, when
previously encountered animals catch up with the
survey boat. The particular setup of this study allowed
us to identify duplicate sightings from the photo-iden-
tification data and to correct for handling time based
on detailed field notes. Without standardised sampling
design, data from opportunistic platforms generally
require data-specific solutions. However, the data de-
scribed here share many similarities with data col-
lected from other platforms of opportunity, such as
whale watching boats. We therefore propose that the
correction of effort for handling time is applicable to
other data sets compromised by disrupted search ef-
fort, and its application could allow hitherto unused
data to provide useful information on distribution and
habitat use.
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